Introduction {#s1}
============

Highly multiplexed pooled genetic screening methodologies have emerged as powerful and broadly accessible tools for systematically profiling gene function at the scale of mammalian genomes ([@bib43]). Recently, a number of pooled screening platforms have been developed that utilize the bacterial CRISPR (Clustered Regularly Interspaced Palindromic Repeats)-associated nuclease Cas9 paired with libraries of single-guide RNAs (sgRNAs) to disrupt targeted genes (reviewed in [@bib50]). We and others have developed tools based on nuclease-dead Cas9 (dCas9) ([@bib46]) to programmably interfere with (CRISPRi) or activate (CRISPRa) transcription ([@bib18], [@bib19]; [@bib34]; [@bib39]; [@bib45]; [@bib52]), and used these to systematically manipulate gene expression at genome scale ([@bib18]; [@bib34]). Together, these screening platforms represent a powerful toolkit for unbiased forward gain-of-function and loss-of-function genetic screens in mammalian cells.

A key step in implementing CRISPR genetic screens is selecting sgRNAs that mediate high Cas9 activity. We and others recently found that nucleosomes provide a direct and profound impediment to Cas9 access to DNA ([@bib24]; [@bib25]; [@bib28]), an observation we expected to be particularly important for applications such as CRISPRi and CRISPRa, which require sustained binding of dCas9 to DNA. We found that nucleosome occupancy was predictive of Cas9 activity complementary to and independent of previously described sgRNA sequence features ([@bib4]; [@bib14]; [@bib58]), adding an additional dimension to the set of parameters expected to influence Cas9 activity. These observations, along with the strong nucleosome-dependent phasing observed downstream of the FANTOM consortium-annotated transcription start site (TSS) ([@bib17]; [@bib25]), suggested that a quantitative model incorporating all of these features could greatly enhance our ability to predict highly active sgRNAs for CRISPRi and CRISPRa.

To test this, we developed a comprehensive machine learning pipeline trained on data collected from 30 CRISPRi and 9 CRISPRa screens. We found that the resulting models were highly predictive of sgRNA efficacy and strongly weighted nucleosome positioning and specific sequence features. We used these models to design and generate CRISPRi and CRISPRa version 2 (v2) libraries, targeting human and mouse genomes, which are greatly enriched for sgRNAs with high predicted activity. These libraries include several additional improvements, including the option to screen with either 10 sgRNAs per gene or a compact half-library containing the top 5 predicted sgRNAs for each gene. To benchmark this new algorithm, we validated the human CRISPRi v2 (hCRISPRi-v2) library with a screen designed to identify genes essential for robust cell growth. In this experiment, essential genes represent a large class of expected positive controls. We identified over 2100 essential genes with high statistical confidence, significantly improving upon our CRISPRi v1 library ([@bib18]), and precision-recall analysis showed increased discrimination of gold standard essential and non-essential genes with both 10 sgRNA/gene and 5 sgRNA/gene hCRISPRi-v2 libraries ([@bib21]). A large majority of the hCRISPRi-v2 sgRNAs targeting known essential genes produced robust growth phenotypes, a key advance over previous CRISPRi libraries ([@bib16]), and our algorithm can accurately predict sgRNA activity for data from screens performed with an independently designed library and in different cell types. Furthermore, we observed that CRISPRi lacked any detectable non-specific toxicity associated with genomic DNA breaks and repair, enabling sensitive detection of genes with subtle growth phenotypes. We also conducted a screen for genes that modify growth rates upon overexpression with our hCRISPRa-v2 and found this identified 60% more genes, with greater enrichment for previously established classes of hit genes, than our version 1 CRISPRa screen. Our results suggest that the CRISPRi and CRISPRa v2 libraries have numerous favorable properties relative to alternate approaches as a resource for targeted or genome-scale loss-of-function and gain-of-function studies in mammalian cells.

Results {#s2}
=======

An integrated machine learning approach predicts highly active sgRNAs for CRISPRi and CRISPRa {#s2-1}
---------------------------------------------------------------------------------------------

We sought to improve upon our first generation CRISPRi and CRISPRa libraries by taking a comprehensive approach that incorporated nucleosome positioning, sequence features, refinement of our original sgRNA design rules, and other potentially informative factors. In order to quantitatively model the contribution of these features to CRISPRi activity, we turned to our recently described CRISPRi activity dataset ([@bib25]) in which we integrated data from 30 CRISPRi screens to select 1,539 high-confidence hit genes, and normalized the phenotypes for sgRNAs targeting each gene to the strongest sgRNAs for that gene, resulting in \'activity scores\' for 18,380 sgRNAs. We used this set as training data for elastic net linear regression ([Figure 1A](#fig1){ref-type="fig"}) ([@bib27]). As many of the features included in the model were nonlinear with activity, we first adapted each feature set according to its relationship with activity. Categorical and non-linear parameters were binned prior to linear regression. Because the relationship between CRISPRi activity and target site distance from the TSS was highly periodic and asymmetric, as we had recently shown ([@bib25]), we fit sgRNA positioning features using support vector regression (SVR) to predict a continuous function for any target site (Supplementary [Figure 1](#fig1){ref-type="fig"}). An important improvement was the use of FANTOM consortium annotations instead of Ensembl/GENCODE to define the TSS ([@bib11]; [@bib17]; [@bib20]) ([Supplementary file 2](#SD2-data){ref-type="supplementary-material"}), a finding also recently reported by Radzisheuskaya and colleagues ([@bib48]).10.7554/eLife.19760.002Figure 1.A machine learning approach for identifying highly active sgRNAs for CRISPRi.(**A**) Schematic of machine learning strategy and datasets. 808 features were calculated for each sgRNA, linearized as indicated, and z-standardized. A linear regression model was then generated using these features to fit to the activity scores of the CRISPRi training set ([@bib25]). 20% of the genes in the training set were reserved to test the predictive value of the resulting model. For display in [Figures 1B,C](#fig1){ref-type="fig"}, and [Figure 1---figure supplement 2](#fig1s2){ref-type="fig"}, five non-overlapping 20% datasets were randomly selected and training was performed on the corresponding 80% sets. An orthogonal dataset, based on tiling of every possible sgRNA within 10 kb of the TSS of 49 genes known to modulate sensitivity to ricin ([@bib2]; [@bib18]), was also used to assess the predictive value of this model. (**B**) ROC analysis of the ability of the machine learning approach in (**A**) to predict highly active sgRNAs. For test set 1, sgRNAs with an activity score greater than 0.75 were considered highly active. For test set 2, sgRNAs with a phenotype greater than 0.75 of the maximum phenotype for each gene were considered highly active. (**C**) Relative contribution of feature categories to the sgRNA predicted scores. The individual weighting of each feature assigned by the linear regression model (see [Figure 2---figure supplement 2](#fig2s2){ref-type="fig"}) was grouped by the indicated categories, and the summed weights for each sgRNA within the 20% test datasets was calculated. The scores of the 95th and 5th percentile sgRNAs were subtracted to compute the overall contribution of the feature category to the distribution of predicted activity scores. Bars indicate the mean of the contributions from five 20% datasets (green circles). The target site position includes both the distance to the TSS and the periodic relationship as fit by SVR ([Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}). (**D**) Distribution of predicted activity scores in next-generation CRISPRi libraries. (Top) Predicted CRISPRi activity correlates with empirical activity scores. For the 80%/20% division used to predict sgRNAs for the hCRISPRi-v2.1 library, predicted scores for the 20% test set were plotted against the empirical activity score. Activity score percentiles are from all sgRNAs within 0.25 of the indicated activity score. Predicted activity was highly correlated with activity, with a Pearson R of 0.56 (p\<10^--296^). (Bottom) Distribution of predicted activity scores for CRISPRi v1, hCRISPRi-v2, and hCRISPRi-v2.1, as calculated by the hCRISPRi-v2.1 regression model. (**E**) Composition of hCRISPRi-v2 and mCRISPRi-v2 sublibraries.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.002](10.7554/eLife.19760.002)10.7554/eLife.19760.003Figure 1---figure supplement 1.Relationship between CRISPRi activity and sgRNA position relative to the TSS as predicted by SVR.An SVR model with radial basis function kernel was trained on an 80% division of the CRISPRi activity score dataset, using the position of the sgRNA relative to the upstream end of the primary FANTOM TSS for each gene as the sole feature. Hyperparameter values for SVR were selected automatically using cross-validation within the training set. To display the relationship between sgRNA position and CRISPRi activity fit by this model, predicted scores were generated for each position within a 3 kb window around the TSS. The resulting curve recapitulated the previously observed periodic relationship shown to be out-of-phase with nucleosome positioning ([@bib25]), and use of this SVR model within the general machine learning approach enabled regression against this highly complex relationship. The shaded area indicates the region relative to the TSS where predicted activity scores for all sgRNAs were calculated for potential inclusion in the construction of the hCRISPRi-v2(.1) and mCRISPRi-v2 library designs.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.003](10.7554/eLife.19760.003)10.7554/eLife.19760.004Figure 1---figure supplement 2.Individual sgRNA feature contributions to predicted CRISPRi activity.Linear regression coefficients for each model trained according to the 80%/20% divisions displayed in [Figure 1](#fig1){ref-type="fig"} are displayed, with bars indicating the mean of the five divisions and error bars indicating minimum and maximum feature coefficients. As each feature was z-standardized before linear regression, coefficients are directly comparable. For binned feature categories, x-axis values represent the minimum value of the bin (inclusive) unless otherwise indicated.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.004](10.7554/eLife.19760.004)

We first evaluated the performance of this algorithm using five-fold cross-validation. By performing regression on a training set of only 80% of the genes in the CRISPRi activity dataset, we found that the model was highly predictive of activity in the test set comprising the remaining 20% of the genes, with a receiver operating characteristic area under the curve (ROC-AUC) of 0.80 ([Figure 1B](#fig1){ref-type="fig"}). Importantly, this high predictive value was consistent across randomly selected training and test sets. As the sgRNAs in this dataset were pre-selected using our CRISPRi v1 design rules, we also tested our ability to predict the performance of sgRNAs in our previously published data set in which we tiled every target site around the TSS of 49 genes known to modulate resistance or sensitivity to the toxin ricin ([@bib18]) and obtained an ROC-AUC of 0.91 ([Figure 1B](#fig1){ref-type="fig"}), indicating that we could identify active sgRNAs in the genome with high accuracy.

We next analyzed which features contributed most to CRISPRi activity in the predictive model ([Figure 1---figure supplement 2](#fig1s2){ref-type="fig"}). Overall, the predicted scores were most influenced by the position relative to the TSS, including both distance from the TSS and avoidance of canonical nucleosome-occupied regions ([Figure 1C](#fig1){ref-type="fig"} and [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}). In particular, the nucleosome-deprived region immediately downstream of the TSS yielded the strongest predicted activity by SVR, likely due in part to the contribution of dCas9 directly interfering with early transcriptional initiation or elongation ([@bib19]; [@bib46]). Sequence features also represented a large contribution to the model, and salient relationships included the disfavoring of guanine directly downstream of the protospacer adjacent motif (PAM) which recapitulated previous findings ([@bib14]; [@bib58]). Additional parameters that contributed to the prediction, included sgRNA secondary structure as predicted by ViennaRNA ([@bib13]; [@bib37]), sgRNA protospacer length, and chromatin accessibility features not accounted for by the nucleosome positioning relationship. The contribution of each individual parameter was also remarkably consistent across 80%/20% divisions of the training dataset, suggesting that the model was capturing underlying biological signal rather than overfitting the data.

Having established the robustness and accuracy of this approach, we used a version of our sgRNA predictions to design a CRISPRi genome-scale library targeting the human protein-coding transcriptome (hCRISPRi-v2) ([Supplementary file 3](#SD3-data){ref-type="supplementary-material"}; an *in silico* library design based on the final version of our predictions, hCRISPRi-v2.1, is also available in [Supplementary file 3](#SD3-data){ref-type="supplementary-material"}). While the predicted scores for sgRNAs in our v1 library were broadly distributed, many sgRNAs of higher predicted activity were available in the genome, and by picking the top 10 predicted sgRNAs per gene we expected that we could greatly enrich the library for guides of high activity ([Figure 1D](#fig1){ref-type="fig"}). In constructing this library, we also incorporated empirical information for highly active sgRNAs where available, revised off-target filtering, and implemented changes to the sgRNA expression vector to facilitate the processing of screen samples for sequencing (see Materials and methods). In addition, we cloned the library as separate pools for the top 5 and next-best 5 predicted sgRNAs per gene to facilitate screens where a smaller library may be advantageous, and further divided the pools into 7 thematic sublibraries based on our previous divisions of shRNA libraries ([@bib31]) ([Figure 1E](#fig1){ref-type="fig"}).

We then used the same approach to design a next-generation CRISPRa library. Due to the requirement for CRISPRa targeting to be upstream of the TSS for maximal activity ([@bib18]), we collected an activity score dataset of 2,898 sgRNAs from 9 CRISPRa screens (Y.C. and M.K., personal communication) to train an independent predictive model ([Figure 2A](#fig2){ref-type="fig"}). While the input set was significantly smaller than for CRISPRi, the resulting linear regression still had good predictive value (ROC-AUC 0.70; [Figure 2B](#fig2){ref-type="fig"}) and generally shared features of the CRISPRi model ([Figure 2C](#fig2){ref-type="fig"} and [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}--[2](#fig2s2){ref-type="fig"}). We observed that periodic relationship between distance to the TSS and sgRNA activity was less pronounced for CRISPRa than for CRISPRi ([Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}; [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}), a difference we attributed to the reduced dynamic range in the nucleosome-depleted region around the TSS, and the smaller number and relatively lower expression of the genes targeted in the CRISPRa training dataset. We used the top 10 predicted sgRNAs for each gene to construct a next-generation library, which significantly increased the predicted activity of the library over our v1 designs ([Figure 2D](#fig2){ref-type="fig"}). The hCRISPRa-v2 library was partitioned into 14 sublibraries as described for the v2 CRISPRi library above ([Figure 2E](#fig2){ref-type="fig"}). Importantly, while several strategies have been described for CRISPR-mediated activation ([@bib5]; [@bib19]; [@bib23]; [@bib34]; [@bib39]; [@bib45]; [@bib52]; [@bib59]), a recent comparison of these strategies observed that sgRNA activity generally correlated across all approaches ([@bib6]). Our CRISPRa-v2 libraries are thus likely to serve as a valuable resource for effectively targeting most activator systems.10.7554/eLife.19760.005Figure 2.A machine learning approach for identifying highly active sgRNAs for CRISPRa.(**A**) Schematic of CRISPRa datasets. CRISPRa activity scores were generated from screen data and subjected to 3-fold cross-validation due to the smaller sample size. Ricin tiling data was limited to 21 genes that were previously shown to modulate sensitivity to ricin upon CRISPRa overexpression ([@bib18]). (**B**) ROC analysis of machine learning approach using CRISPRa datasets, conducted as in [Figure 1B](#fig1){ref-type="fig"}. (**C**) Relative contribution of feature categories for CRISPRa, calculated as in [Figure 1C](#fig1){ref-type="fig"}. (**D**) Distribution of predicted activity scores in next-generation CRISPRa libraries. (Top) Predicted CRISPRa activity correlates with empirical activity scores. For the 67%/33% division used to predict sgRNAs for the hCRISPRa-v2 library, predicted scores for the 33% test set were plotted against the empirical activity score. Activity score percentiles are from all sgRNAs within 0.25 of the indicated activity score. Predicted activity was highly correlated with activity, with a Pearson R of 0.41 (p\<10^--38^). (Bottom) Distribution of predicted activity scores for CRISPRa v1 and hCRISPRa-v2 as calculated by the hCRISPRa-v2 regression model. (**E**) Composition of hCRISPRa-v2 and mCRISPRa-v2 sublibraries.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.005](10.7554/eLife.19760.005)10.7554/eLife.19760.006Figure 2---figure supplement 1.Relationship between CRISPRa activity and sgRNA position relative to the TSS as predicted by SVR.An SVR model was trained on a 67% division of the CRISPRa dataset using sgRNA position relative to the downstream end of the primary FANTOM TSS for each gene. Analysis was conducted as described for [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}. The shaded area indicates the region relative to the TSS where predicted activity scores for all sgRNAs were calculated for potential inclusion in the construction of the hCRISPRa-v2 and mCRISPRa-v2 library designs.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.006](10.7554/eLife.19760.006)10.7554/eLife.19760.007Figure 2---figure supplement 2.Individual sgRNA feature contributions to predicted CRISPRa activity.Linear regression coefficients for each model trained according to the 67%/33% divisions displayed in [Figure 2](#fig2){ref-type="fig"} are displayed, with bars indicating the mean of the three divisions and error bars indicating minimum and maximum feature coefficients. As each feature was z-standardized before linear regression, coefficients are directly comparable. For binned feature categories, x-axis values represent the minimum value of the bin (inclusive) unless otherwise indicated.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.007](10.7554/eLife.19760.007)

Finally, we applied the CRISPRi and CRISPRa models to predict highly active sgRNAs targeting the mouse protein-coding transcriptome and generated corresponding genome-scale libraries (mCRISRPi-v2 and mCRISPRa-v2) ([Figures 1E](#fig1){ref-type="fig"}, [2E](#fig2){ref-type="fig"}). All four library designs are included as [Supplementary file 3](#SD3-data){ref-type="supplementary-material"}--[6](#SD6-data){ref-type="supplementary-material"}, sgRNA prediction and library design scripts are available online (see Materials and methods), and the cloned lentiviral libraries are available on Addgene.

The large majority of sgRNAs in the hCRISPRi-v2 library are effective {#s2-2}
---------------------------------------------------------------------

A central goal in developing the hCRISPRi-v2 library was to enrich for highly active sgRNAs, which would improve statistical confidence in hits and enable high sensitivity even with a compact 5 sgRNA/gene library. Underscoring the importance of this goal, Evers et al. generated a small-scale CRISPRi library targeting predetermined sets of essential and non-essential genes and conducted screens for growth phenotypes in the bladder carcinoma cell line RT-112, and found that \~50% of the CRISPRi sgRNAs targeting essential genes were inactive ([@bib16]), similar to rates observed using our CRISPRi v1 library. To test whether our next-generation sgRNA prediction algorithms were able to identify these inactive sgRNAs, we evaluated the predicted activity of the sgRNAs targeting known essential genes in this screen. Despite the screen being performed with an independently designed library, using an sgRNA constant region we have found to underperform our current design ([@bib7]), and in a cell type not evaluated in any of our training or test datasets, predicted activity correlated well with the sgRNA growth phenotypes observed in the screen ([Figure 3A](#fig3){ref-type="fig"}; Pearson R = −0.58, p\<10^--37^). Over 40% of the sgRNAs in this library had a predicted activity score less than 0.4, a regime in which the vast majority (over 87%) of sgRNAs were inactive, as defined by z-score \> −2 relative to non-essential gene-targeting sgRNAs, enabling *a priori* elimination of 60% of the inactive sgRNAs by simply applying this threshold. By contrast, of the sgRNAs in that library with predicted activity scores ≥0.6, 77% are active. Use of the improved sgRNA constant region would be expected to further increase this fraction ([@bib7]; [@bib12]).10.7554/eLife.19760.008Figure 3.hCRISPRi-v2 outperforms CRISPRi v1 in screens for essential genes in K562.(**A**) Distribution and predicted scores for sgRNAs targeting essential genes. (Top) Predicted activity scores for sgRNAs from [@bib16] or hCRISPRi-v2 targeting essential genes as defined by Evers et al. ([@bib16]), binned in increments of 0.1. (Bottom) sgRNA growth phenotypes of the sgRNAs in the above bins, z-standardized to the distribution of sgRNAs targeting Evers et al. non-essential genes. (**B**) ROC analysis of sgRNAs from CRISPRi v1 or hCRISPRi-v2 targeting essential and non-essential genes. sgRNAs were ranked by γ, and considered true or false positives if they targeted essential or non-essential genes, respectively, as defined by Evers et al. (**C**) Volcano plots of gene phenotypes and p-values for growth screens performed with CRISPRi v1 ([@bib18]) and hCRISPRi-v2. For each screen, genes phenotypes were calculated by averaging the growth phenotype (γ) of the 3 sgRNAs with the strongest γ by absolute value, and gene p-values were calculated by performing the Mann-Whitney test comparing all sgRNAs targeting the gene to the full set of negative control sgRNAs. For genes with multiple TSSs targeted, sgRNAs were grouped by TSS and the TSS with the lowest p-value was used for downstream analysis. A comparable number of negative control (NC) genes were generated by randomly sampling 10 non-targeting sgRNAs (with replacement) and analyzed as true genes. Empirically derived thresholds (dashed lines) were calculated as shown, using the NC gene distribution to derive the background standard deviation for z-score. (**D**) Precision-recall analysis of essential gene screens performed in K562. Statistical precision and recall of essential and non-essential gene sets ([@bib21]) were calculated for genes ranked by growth phenotype in K562. For both CRISPRi and CRISPR nuclease screens ([@bib55]), gene-level phenotypes were calculated as the average log~2~ fold-change of all sgRNAs targeting the gene (termed CRISPR Scores in ref. \[[@bib55]\]). (**E**) Boxplots of CRISPRi and CRISPR nuclease sgRNA phenotypes for several gene sets. sgRNA γ scores (CRISPRi) or log~2~ enrichments (nuclease) were z-standardized to the corresponding negative control set. Boxplots display the distribution of the negative control sgRNAs or sgRNAs targeting genes on Y chromosome (excluding pseudo-autosomal genes), within the *BCR* amplicon, or in the gold standard essential sets used in (**D**). Individual phenotypes for sgRNAs targeting *BCR* are overlaid with the corresponding boxplot.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.008](10.7554/eLife.19760.008)10.7554/eLife.19760.009Figure 3---figure supplement 1.sgRNA phenotypes from CRISPRi v1 and hCRISPRi-v2 growth screens.(**A**) hCRISPRi-v2 sgRNA phenotypes correlate between screen replicates. sgRNA γ scores were calculated by computing log~2~ enrichments of read counts between screen start and endpoint samples and normalizing by estimated cell doublings over the course of the screen. Phenotypes for non-targeting sgRNAs and sgRNAs targeting the Y chromosome generally do not correlate between screen replicates; Spearman R = 0.08 (p\<10^--7^) and R = 0.05 (p=0.5), respectively. (**B**) Histograms of growth phenotypes (γ) for sgRNAs used in the analysis in [Figure 3B](#fig3){ref-type="fig"}. Percentages indicate number of essential-targeting sgRNAs with negative γ more than two standard deviations from the mean of the non-essential-targeting sgRNAs. (**C**) UCSC Genome Browser tracks depicting Ensembl and FANTOM annotations for example gene *VCP*. CRISPRi v1 sgRNAs were chosen to be −50 bp to 300 bp relative to the 5' end of the *VCP* transcript model. hCRISPRi-v2 sgRNAs were the top predicted sgRNAs chosen from all sites −25 bp to 500 bp relative to the \'p1\@VCP\' and \'p2\@VCP\' FANTOM TSS annotation. FANTOM annotations were generated from CAGE sequencing of over 800 human cell types and tissues, summarized by the maximum CAGE sequencing counts track.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.009](10.7554/eLife.19760.009)10.7554/eLife.19760.010Figure 3---figure supplement 2.Precision-recall analysis of second-generation CRISPR nuclease essential gene screens.Analysis was conducted as in [Figure 3D](#fig3){ref-type="fig"}. CRISPRi, Wang et al., and Doench et al. datasets were ranked according to the average log~2~ fold-change of all sgRNAs targeting a given gene. For Hart et al., genes were ranked according to their published Bayes Factor scores as sgRNA-level data was unavailable ([@bib13]; [@bib22]; [@bib55]).**DOI:** [http://dx.doi.org/10.7554/eLife.19760.010](10.7554/eLife.19760.010)

In order to validate our hCRISPRi-v2 library design and directly compare its performance to our published v1 library screens ([@bib18]), we conducted a screen for genes essential for robust growth in the chronic myeloid leukemia cell line K562. We calculated the growth phenotype (γ) for each sgRNA ([@bib2]; [@bib30]) and averaged these values across two screen replicates ([Figure 3---figure supplement 1](#fig3s1){ref-type="fig"} and [Supplementary file 7](#SD7-data){ref-type="supplementary-material"}). We found that the hCRISPRi-v2 sgRNA growth phenotypes targeting the Evers et al. essential gene sets correlated with predicted activity as above ([Figure 3A](#fig3){ref-type="fig"}; Pearson R = −0.42, p\<10^--21^), and therefore designing the libraries based on the top predicted scores selected for highly active sgRNAs. To quantify the fraction of active sgRNAs in our genome-scale libraries, we performed sgRNA-level ROC analysis, ranking sgRNAs by growth phenotype γ and classifying them as true or false positives if they targeted essential or non-essential genes, respectively ([@bib16]). This analysis showed that hCRISPRi-v2 was greatly enriched for active sgRNAs ([Figure 3B](#fig3){ref-type="fig"}), and in particular the top 5 sgRNA/gene library contained 80% active sgRNAs at 5% false positives, comparable to the pilot nuclease library tested by Evers et al. This improvement was due to the significant reduction in the number of inactive sgRNAs rather than any difference in the noise as assessed by the background distribution of non-essential gene-targeting sgRNAs ([Figure 3---figure supplement 1B](#fig3s1){ref-type="fig"}). In some instances, as with the known essential gene *VCP*, the difference in sgRNA phenotypes between v1 and v2 libraries was likely attributable to the transition from Ensembl to FANTOM as the TSS annotation source ([Figure 3---figure supplement 1C](#fig3s1){ref-type="fig"}) ([@bib11]; [@bib17]; [@bib20]). Taken together, the above observations indicate the lower fraction of effective sgRNAs in previous libraries was a result of the algorithm and the TSS annotation used rather than any intrinsic limitation of CRISPRi.

The hCRISPRi-v2 library robustly identifies essential genes in precision-recall analysis {#s2-3}
----------------------------------------------------------------------------------------

We next sought to evaluate whether the enrichment for active sgRNAs in hCRISPRi-v2 over CRISPRi v1 resulted in improved accuracy and confidence for calling hit genes. We analyzed the screens with a consistent pipeline, scoring genes both by assigning a phenotype based on the mean of the top 3 sgRNAs targeting the gene (by absolute value) and by calculating the Mann-Whitney p-value of all 10 sgRNAs compared to the negative control sgRNAs. We visualized these gene scores as a volcano plot, with the phenotype effect size on the x-axis and p-value on the y-axis ([Figure 3C](#fig3){ref-type="fig"} and [Supplementary file 8](#SD8-data){ref-type="supplementary-material"}). Many hit genes exhibited much stronger p-values, including a substantial fraction that reached the optimal p-value obtainable in the Mann-Whitney test, indicating that the phenotypes of all targeting sgRNAs for these genes were more pronounced than any of the 3,790 non-targeting control sgRNAs. We also modeled noise and off-target effects in the system by generating a large set of \'negative control genes\' composed of randomly selected sets of 10 non-targeting sgRNAs and scoring these genes as we did for true genes. In order to classify genes as hits in the screen, we used a score that integrated effect size and statistical confidence and applied the same threshold to both v1 and v2 screens. While in both screens fewer than 0.21% of these negative control genes scored as hits by these criteria, representing a \~2% empirically estimated false discovery rate overall, we could confidently identify 2,150 essential gene hits in the v2 screen while our v1 screen identified 1,408 essential genes ([Figure 3C](#fig3){ref-type="fig"}).

In order to assess whether the stronger sgRNA- and gene-level growth phenotype γ scores produced by the hCRISPRi-v2 library resulted in improved discrimination of essential genes, we turned to precision-recall analysis of large \'gold standard\' essential and non-essential gene sets introduced by Hart and colleagues ([@bib21]). We ranked genes by their growth phenotype (γ) score and calculated at each phenotype threshold the trade-off between the recall of true essential genes and the avoidance of false positive non-essential genes, termed precision. In this analysis, the hCRISPRi-v2 library recalled over 91.2% of the gold standard essential genes at 95% precision compared to 81.5% in CRISPRi v1 ([Figure 3D](#fig3){ref-type="fig"}). We also found that the precision-recall of the top 5 sgRNA/gene half library was essentially identical to the full 10 sgRNA per gene library. Therefore, the 5 sgRNA/gene CRISPRi library represents a compelling tool for applications such as cell sorting-based screens ([@bib36]), or for *in vivo* screens where cell engraftment and library representation may represent a limiting factor ([@bib3]; [@bib8]).

Finally, we wanted to benchmark our hCRISPRi-v2 library against other recent genome-scale growth screens performed with nuclease-active Cas9 and novel second-generation libraries ([@bib13]; [@bib22]; [@bib55]). Although these screens were performed in different labs and generally in different cell lines, precision-recall analysis offers a useful metric to compare these screens in an unbiased fashion ([@bib21]). We found that our CRISPRi v2 library showed comparable or in many cases much greater discrimination ([Figure 3---figure supplement 2](#fig3s2){ref-type="fig"}). One published CRISPR nuclease screen was conducted in K562 ([@bib55]) with a \~10 sgRNA/gene library, allowing for more direct comparison albeit still tempered by differences between labs and screening protocols. This screen recalled somewhat fewer (78.7% vs 90.8%) essential genes at 95% precision than our v2 library screen ([Figure 3D](#fig3){ref-type="fig"}). Together, these results indicate that our hCRISPRi-v2 library has a low false negative rate with few false positives, and the enrichment for highly active sgRNAs enables robust detection of phenotypes even with a compact library.

CRISPRi does not induce non-specific toxicity at amplified genomic loci {#s2-4}
-----------------------------------------------------------------------

We were also intrigued by the observation by Wang and colleagues of K562-specific essentiality of many genes neighboring the BCR-ABL translocation, which they demonstrated to be mediated by non-specific toxicity of CRISPR-induced double-stranded breaks in the amplified locus ([@bib55]; [@bib57]). This toxicity appears to be pervasive as similar effects have been observed across a range of cancer cell lines ([@bib1]; [@bib41]). To test whether this toxicity could be caused by CRISPRi as well, we used our hCRISPRi-v2 screen as a representative dataset. When we compared the phenotypes of CRISPRi sgRNAs to CRISPR nuclease at the *BCR* amplicon, with all phenotypes standardized to the distribution of negative controls to facilitate comparison, we found that sgRNAs targeting *BCR* were strongly depleted in both screens, as expected based on the critical role of the BCR-ABL fusion in this cancer cell line ([@bib42]), but few other CRISPRi sgRNAs in the region elicited growth defects ([Figure 3E](#fig3){ref-type="fig"}). We also found that CRISPR nuclease sgRNAs targeting the non-essential gene set were generally depleted relative to negative controls or chromosome Y-targeting sgRNAs, which should have no targets in the female-derived K562 cell line ([@bib32]), suggesting that in a CRISPR screen Cas9 nuclease activity can lead to measurable toxicity not related to the function of individual genes but instead due to the formation of on-target DNA double strand breaks, even with alleles present only at 2--3 copies ([@bib42]). CRISPRi did not exhibit this generic toxicity at non-essential genes, allowing for detection of genes with subtle phenotypes relative to negative controls. Importantly, however, the vast majority of sgRNAs targeting essential genes showed a clear separation from the non-essential gene distribution ([Figure 3E](#fig3){ref-type="fig"}), demonstrating the high degree of sensitivity for detecting loss-of-function phenotypes with both CRISPR nuclease and CRISPRi screens.

The hCRISPRa-v2 library identifies more genes that modify robust growth rates upon overexpression {#s2-5}
-------------------------------------------------------------------------------------------------

Finally, we sought to validate our hCRISPRa-v2 library design by conducting a screen for growth phenotypes in K562 cells expressing SunTag-VP64 constructs ([@bib18]; [@bib52]). We conducted two replicate growth screens ([Figure 4---figure supplement 1A](#fig4s1){ref-type="fig"} and [Supplementary file 9](#SD9-data){ref-type="supplementary-material"}) and analyzed the screen as with the hCRISPRi-v2 screen above to directly compare the results to our published CRISPRa screens ([@bib18]). Our hCRISPRa-v2 screen identified 540 genes to modify robust growth rates upon overexpression, 257 more than our previous CRISPRa screen ([Figure 4A](#fig4){ref-type="fig"} and [Supplementary file 10](#SD10-data){ref-type="supplementary-material"}). Beyond these additional hits, the v1 and v2 screens showed good agreement ([Figure 4---figure supplement 1B](#fig4s1){ref-type="fig"}), and the top categories in DAVID analysis of the v1 screen ([@bib26]), enrichment for transcription factor genes (in particular homeobox and forkhead box transcription factors), received \~3-fold greater enrichment scores in the hCRISPRa-v2 hits ([Figure 4---figure supplement 1C](#fig4s1){ref-type="fig"}), indicating the strong biological coherence of the additional genes. Analysis of the sgRNA growth phenotype (γ) scores for genes that were hits in both v1 and v2 screens showed that a greater fraction of sgRNAs were highly active (69.3% in hCRISPRa-v2 with 5 sgRNAs/gene versus 45.1% in CRISPRa v1; [Figure 4C](#fig4){ref-type="fig"} and [Figure 4---figure supplement 1D](#fig4s1){ref-type="fig"}), further validating improvements in the library design. In addition, as with our CRISPRi results, several genes identified in the hCRISPRi-v2 screen but not in v1, including hematopoietically-expressed homeobox *HHEX* and forkhead box C1 *FOXC1*, could be attributed to the use of the CAGE-based FANTOM5 TSS annotation ([Figure 4D](#fig4){ref-type="fig"} and [Figure 4---figure supplement 1E](#fig4s1){ref-type="fig"}). Finally, we compared the growth phenotypes from hCRISPRi-v2 to hCRISPRa-v2 and found that the two methods identified non-overlapping sets of genes that modify robust growth ([Figure 4---figure supplement 1F](#fig4s1){ref-type="fig"}), consistent with our previous results and highlighting the complementary information provided by these two approaches.10.7554/eLife.19760.011Figure 4.hCRISPRa-v2 outperforms CRISPRa v1 in screens for genes that modify growth rates upon overexpression.(**A**) Volcano plots of gene phenotypes and p-values for growth screens performed with CRISPRa v1 ([@bib18]) and hCRISPRa-v2, presented as in [Figure 3C](#fig3){ref-type="fig"}. (**B**) Cumulative distributions of fraction of highly active sgRNAs targeting strong hit genes shared between CRISPRa v1 and hCRISPRa-v2 screens. Highly active sgRNAs for CRISPRa were defined as those with negative γ scores more than two standard deviations from the mean of non-targeting control sgRNAs (see [Figure 4---figure supplement 1D](#fig4s1){ref-type="fig"}). (**C**) UCSC Genome Browser tracks depicting TSS annotations and CRISPRa growth phenotypes for example gene *HHEX*.**DOI:** [http://dx.doi.org/10.7554/eLife.19760.011](10.7554/eLife.19760.011)10.7554/eLife.19760.012Figure 4---figure supplement 1.sgRNA phenotypes and gene category enrichment scores from CRISPRa v1 and hCRISPRa-v2 growth screens.(**A**) hCRISPRa-v2 sgRNA phenotypes correlate between screen replicates, presented as in [Figure 3---figure supplement 1A](#fig3s1){ref-type="fig"}. Phenotypes for non-targeting sgRNAs and sgRNAs targeting the Y chromosome correlate poorly between screen replicates; Spearman R = 0.10 (p\<10^--8^) and R = 0.15 (p=0.05), respectively. (**B**) Comparison of CRISPRa v1 and hCRISPRa-v2 gene growth phentoypes (γ). (**C**) DAVID enrichment scores for hit gene categories from CRISPRa v1 and hCRISPRa-v2 screens. CRISPRa v1 categories represent the top 5 categories identified. hCRISPRa-v2 categories include the top 3 identified along with homeobox and forkhead box categories. (**D**) Histograms of growth phenotypes (γ) for sgRNAs used in the analysis in [Figure 4B](#fig4){ref-type="fig"}. Percentages indicate number of sgRNAs targeting v1 and v2 shared hit genes with negative γ more than two standard deviations from the mean of the non-targeting control sgRNAs. (**E**) UCSC Genome Browser tracks depicting TSS annotations and CRISPRa growth phenotypes for example gene *FOXC1*. (**F**) Comparison of hCRISPRi-v2 and hCRISPRa-v2 gene growth phenotypes (γ).**DOI:** [http://dx.doi.org/10.7554/eLife.19760.012](10.7554/eLife.19760.012)

Discussion {#s3}
==========

Establishing design rules for effective reagents is critical to the implementation of genome-scale screening technologies. Our previous work established genome-scale CRISPRi and CRISPRa libraries as robust, specific, and complementary tools for dissecting biological pathways in human cells ([@bib18]). Here, we significantly improve upon this technology by developing a comprehensive predictive model to accurately identify highly active sgRNAs. This model includes both features specific for CRISPRi and CRISPRa, such as positioning relative to the TSS, as well as features like nucleosome occupancy that we expect to be generally important for most Cas9-mediated applications ([@bib25]), and was able to accurately predict sgRNA activity in screen performed in a cell type it had not previously evaluated ([@bib16]). We used this prediction algorithm to design four new genome-scale libraries targeting human and mouse genomes. These libraries are available on Addgene and *in silico* to facilitate design of focused libraries or targeted experiments ([Supplementary file 3](#SD1-data){ref-type="supplementary-material"}--[6](#SD4-data){ref-type="supplementary-material"}).

By performing CRISPRi and CRISPRa screens for genes that modify robust growth, we validate our sgRNA predictions and find that our hCRISPRi-v2 and hCRISPRa-v2 libraries represent a significant advance over our previous work in the fraction of highly active sgRNAs, the number of hits detected, and the statistical confidence of these hits. For CRISPRi, these improvements result in the accurate discrimination of essential genes by precision-recall analysis even with a compact 5 sgRNA/gene library. We believe that the greatly improved sgRNA prediction and lack of non-specific toxicity due to nuclease activity, combined with our previous findings that CRISPRi enables inducible, reversible, and homogenous manipulation of gene expression ([@bib18]; [@bib40]; [@bib46]), make CRISPRi a state-of-the-art approach for loss-of-function studies.

While the libraries described here target genes annotated as protein-coding, CRISPRi and CRISPRa have been shown to be effective for repressing and activating transcription of non-coding genes as well ([@bib18]; [@bib38]; [@bib60]). Our v2 sgRNA prediction algorithms may enable the design of libraries to systematically manipulate expression of these transcripts as well. Furthermore, combining CRISPRi and CRISPRa with methods for robustly expressing multiple sgRNAs ([@bib29]; [@bib56]; [@bib59]) will allow for simultaneous control of several genes, facilitating dissection of cellular pathways and systematic mapping of mammalian genetic interactions ([@bib2]; [@bib10]; [@bib49]). Broadly, increased quantitative understanding of the factors dictating (d)Cas9 activity and specificity will greatly enhance the expanding set CRISPR-mediated technologies for controlling gene expression ([@bib23]; [@bib45]; [@bib54]), imaging targeted loci ([@bib7]; [@bib51]), or precisely editing the genome ([@bib33]; [@bib53]).

Materials and methods {#s4}
=====================

Machine learning for CRISPRi and CRISPRa sgRNA activity {#s4-1}
-------------------------------------------------------

### Training and test datasets {#s4-1-1}

The CRISPRi activity score dataset was obtained from [@bib25]. CRISPRi and CRISPRa ricin tiling data was obtained from [@bib18]. CRISPRa activity scores were generated as previously described for the CRISPRi activity dataset, using data from 9 published and unpublished screening datasets. Hit genes were selected using the formula \|effect size Z-score x log~10~ p-value\| ≥ 20 in any screen, and the phenotypes for sgRNAs targeting each gene were extracted from the screen in which the gene was a hit and normalized to the mean of the top 3 sgRNAs by absolute value. All datasets are included here as [Supplementary file 1](#SD1-data){ref-type="supplementary-material"}.

### Generating TSS annotations {#s4-1-2}

In order to leverage the high accuracy of the FANTOM TSS annotations but remain compatible with the comprehensive, systematic, and established Ensembl transcript models, a hybrid approach was taken. First, the full set of protein-coding genes and transcripts were selected as previously described ([@bib18]), using Ensembl release 74 (corresponding to genome assemblies hg19 for human and mm10 for mouse; RRID:[SCR_002344](https://scicrunch.org/resolver/SCR_002344)) and the APPRIS pipeline to identify the relevant functional transcripts and establish a preliminary set of TSS annotations ([@bib11]). FANTOM CAGE peak BED files (RRID:[SCR_002678](https://scicrunch.org/resolver/SCR_002678); Human: <http://fantom.gsc.riken.jp/5/datafiles/phase1.3/extra/TSS_classifier/TSS_human.bed.gz>, accessed March 2, 2015; Mouse: <http://fantom.gsc.riken.jp/5/datafiles/phase1.3/extra/TSS_classifier/TSS_mouse.bed.gz>, accessed June 28, 2015 and lifted over to mm10 coordinates with UCSC liftOver tool) were then used to refine this annotation. Specifically, for each gene, the TSS was identified as the same-stranded peaks within 30 kb of any Ensembl TSS that matched the gene symbol and was labeled \'p1\@gene\' (here referred to as \'primary TSS\') or \'p2\@gene\' (\'secondary TSS\'; included only where the peak passed the FANTOM robust threshold for TSS), and the annotation support was labeled as \'CAGE, matched peaks.\' If multiple matches were found the closest TSS to a known Ensembl TSS was used. If no match was found, the gene could then be matched with any same-stranded CAGE peak within 500 bp labeled as \'p1\' or \'p2,\' and annotation support was considered \'CAGE, primary peaks.\' In the above cases, primary and secondary TSSs were targeted separately (i.e. by 10 sgRNAs each) if they were farther than 1 kb apart, or together as one \'P1P2\' TSS. Where no matched or un-matched primary peaks were found, TSS annotations could be refined by any robust peaks or permissive peaks within 200 bp of the annotation (labeled \'CAGE, robust peak\' or \'CAGE, permissive peak\') or simply use the Ensembl/APPRIS annotation where no CAGE support was available (\'Annotation\'). This combined annotation is included as [Supplementary file 2](#SD2-data){ref-type="supplementary-material"}.

### Calculating features {#s4-1-3}

Position relative to the primary and secondary TSSs was calculated from the genomic coordinate of the 3'G of the PAM for each sgRNA to the upstream and downstream edge of each TSS range. Sequence features of the sgRNA and target sites were determined using custom scripts written in Python 2.7 (RRID:[SCR_008394](https://scicrunch.org/resolver/SCR_008394)) with the Biopython module (RRID:[SCR_007173](https://scicrunch.org/resolver/SCR_007173)) ([@bib9]). The hCRISPRi-v2.1 algorithm included a change in these scripts to fix how certain sequence homopolymers were scored. All other libraries were generated with this improvement incorporated, and all analysis in this paper was performed with the v2.1 algorithm. RNA folding metrics were calculated using the ViennaRNA package (RRID:[SCR_008550](https://scicrunch.org/resolver/SCR_008550); version 2.2.5) with default parameters ([@bib37]). Chromatin features at the target site were calculated as described previously ([@bib25]), averaging the signal at each base of the target site including the PAM. Custom Python scripts with the module bxpython (v0.5.0, <https://github.com/bxlab/bx-python>) to extract the processed continuous signal from the following BigWig files obtained from the ENCODE consortium: MNase-seq <https://www.encodeproject.org/files/ENCFF000VNN/> (Michael Snyder lab, Stanford University), DNase-seq <https://www.encodeproject.org/files/ENCFF000SVY/> (Gregory Crawford lab, Duke University), and FAIRE-seq <https://www.encodeproject.org/files/ENCFF000TLU/> (Jason Lieb lab, University of North Carolina) ([@bib15]). Beyond the nucleosome positioning information incorporated in the sgRNA positioning learning models, no chromatin data was used for predicting sgRNA activity for the mouse genome.

### Machine learning {#s4-1-4}

Training and test activity score sets were first divided into 80%/20% or 67%/33% sets of genes for CRISPRi or CRISPRa, respectively, as described in the results section. The training set parameters were then transformed according to their distribution as depicted in [Figure 1A](#fig1){ref-type="fig"}. For binning parameters, a fixed width was chosen for each feature and applied over the range of values, with the upper-most and lower-most bins collapsed with the neighboring bins if the number of data points at each edge were sparse. Each feature was then split into individual parameters for each bin and sgRNAs were assigned a 1 for the bin if the value fell within the bin or 0 if not. For linearizing sgRNA positioning parameters with continuous curves, sgRNA positions were fit to the activity score (individually for the distance to each TSS coordinate) using SVR with a radial basis function kernel and hyperparameters C and gamma determined using a grid search approach cross-validated within the training set. The fit score at each position was then used as the transformed linear parameter. Binary parameters were assigned a 1 if true or a 0 if false. All linearized parameters were z-standardized and fit with elastic net linear regression, with the l1/l2 ratio set by cross-validated grid search. All machine learning and downstream analysis was performed with custom Python scripts and the scikit-learn suite, version 0.15.0 (RRID:[SCR_002577](https://scicrunch.org/resolver/SCR_002577)) ([@bib44]).

Design of next-generation CRISPRi and CRISPRa libraries {#s4-2}
-------------------------------------------------------

### Prediction of sgRNA activity scores {#s4-2-1}

All sequences within −25 and 500 bp (for CRISPRi) or −550 and −25 bp (for CRISPRa) of the upstream or the downstream edge of the primary or secondary TSS and containing 19 bp followed by an NGG PAM were extracted as potential sgRNAs for downstream scoring of predicted activity. All sequences were prepended with a 5' G to enable robust transcription from the U6 promoter, whether or not this base was present in the genomic sequence. Parameters were calculated for all sgRNAs as above, and transformed and scored using the CRISPRi or CRISPRa regression model from an arbitrarily chosen training set (test set ROC-AUC corresponding to these sets reported in results section).

### Off-target scoring {#s4-2-2}

Prediction of sgRNA off-target effects was performed using weighted Bowtie (v1.0.0, RRID:[SCR_005476](https://scicrunch.org/resolver/SCR_005476) \[[@bib35]\]) alignment largely as previously described ([@bib18]) with several adjustments. The \'\--tryhard\' flag was added to the Bowtie command to increase sensitivity for mismatched sgRNA target sites. The hg19 and mm10 genomes used for alignment were masked at mitochondrial sequences and pseudoautosomal sequence to eliminate \'false positive\' multiple alignments. Most importantly, as CRISPRi and CRISPRa have maximal effects proximal to the TSS, potential off-target alignments in these regions now were prioritized by creating a reference sequence corresponding to 1 kb windows around each TSS as defined above, along with the 5' end of every Ensembl transcript annotation. Reference sequences were generated using bedtools (v2.17.0, RRID:[SCR_006646](https://scicrunch.org/resolver/SCR_006646) \[[@bib47]\]). In order to pass at the strictest threshold, sgRNAs were required to have no more than 1 alignment (the sgRNA target site itself) with \'mismatch score\' ([@bib18]) less than 31 proximal to the TSS and under 21 in the genome. (For hCRISPRi-v2, 96.6% of sgRNAs incorporated passed at this threshold.) In cases of difficult to target genes or close gene families, sgRNAs were allowed at relaxed thresholds. In descending order, these were: 1 alignment under 31 proximal to the TSS (no genomic threshold), 1 alignment under 21 in the genome, 2 alignments under 31 proximal to the TSS, and 3 alignments under 31 proximal to the TSS.

### sgRNA selection {#s4-2-3}

sgRNAs were chosen for inclusion into the genome-scale libraries based on predicted activity scores, empirical activity scores where available, off-target filtering, overlap with other sgRNAs already selected, and sequences with no restriction sites for enzymes used in cloning or sequencing sample processing (BstXI, BlpI, and SbfI). Empirical activity scores for CRISPRi/a v1 sgRNAs were generated as for the training sets above at a lower discriminant threshold of 7, and the corresponding sgRNAs were standardized to 19 bp with a 5' G preprended as above and subjected to the same revised off-target scoring procedure. For each TSS targeted by the library, up to 2 sgRNAs with the strongest empirical evidence were included first if the empirical activity score was at least 0.75, the sgRNA was less that 5 kb from the revised v2 TSS, the sgRNA passed the most stringent off-target filter, the sgRNA plus flanking cloning sequences did not contain extra restriction sites, and the sgRNA target site was at least 3 bp shifted from any previously selected target sequence. Once 2 empirically validated v1 sgRNAs were included, further sgRNAs fitting these criteria were not included but their predicted activity scores were increased by 0.2 to reflect the balance of information from the algorithm and empirical activity. Predicted sgRNAs were then sorted by best predicted activity score and included if the sgRNA passed the most stringent off-target filter, the sgRNA plus flanking cloning sequences did not contain extra restriction sites, the sgRNA target site was at least 3 bp shifted from any previously selected target sequence, and no more than 10 sgRNAs had been selected for the TSS. If fewer than 10 sgRNAs were selected by this algorithm, off-target stringency was iteratively relaxed as above and selection was continued to attain 10 sgRNAs. If 10 sgRNAs passing the most relaxed threshold could not be identified, the TSS was not targeted by the library.

sgRNA on-target and off-target prediction algorithms, library design scripts, and associated files are available at <https://github.com/mhorlbeck/CRISPRiaDesign>.

### Negative controls {#s4-2-4}

For each library, the frequency of each DNA base at each position along the sgRNA protospacer sequence was calculated. Random sgRNA protospacer sequences weighted by these base frequencies were then generated to mirror the composition of the targeting sgRNAs. These were then filtered for sgRNAs with 0 alignments with a mismatch score less than 31 proximal to the TSS and 0 alignments under 21 in the genome as above.

### Library cloning {#s4-2-5}

Protospacer sequences were appended with cloning sequences and then unique PCR adapters corresponding to the designated sublibrary. The half libraries were determined from the first 5 and second 5 sgRNAs selected into the library for each TSS according to the algorithm above. Genes were then partitioned into one of the 13 sublibraries defined by ([@bib31]), compressed into the indicated 7 groupings. Each sgRNA was ordered as two oligonucleotide sequences to produce a narrower distribution of sgRNA representation. Overall, oligo sequences were 84 bp and had the following format:

`  5’ pcr adapter      BstXI        protospacer            BlpI      3’ pcr adapter`

`==================CCACCTTGTTGGNNNNNNNNNNNNNNNNNNNGTTTAAGAGCTAAGCTG==================`

`                             ?|||||||||||||||||||`

`Genomic sequence:  ..........NNNNNNNNNNNNNNNNNNNNNGG.....`

Oligonucleotides were synthesized by Agilent Technologies (RRID:[SCR_013575](https://scicrunch.org/resolver/SCR_013575); Santa Clara, CA) on 244K oligo arrays, and cloned into the sgRNA expression vector as previously described ([@bib18]). The library sgRNA expression vector \'pCRISPRia-v2\' was identical to the CRISPRi/a v1 plasmid (pU6-sgRNA EF1Alpha-puro-T2A-BFP, Addgene \#60955) with the addition of two SbfI restriction sites used for sequencing sample processing.

Genome-scale CRISPRi and CRISPRa screen for essential genes {#s4-3}
-----------------------------------------------------------

The screens for genes required for robust growth were conducted essentially as previously described ([@bib18]). Briefly, plasmid libraries were packaged into lentivirus in HEK293T cells (RRID:[CVCL_0063](https://scicrunch.org/resolver/CVCL_0063)) and infected into a previously established polyclonal K562 cell line stably expressing dCas9-KRAB grown in 3L spinner flasks (Bellco, Vineland, NJ). After two days, infected cells were selected with 0.75 μg/mL puromycin (Tocris, Bristol, UK) for two days, allowed to recover for one day, and then cultured at a minimum of 750 × 10^6^ cells in 1.5L standard media (RPMI-1640 with 10% Fetal Bovine Serum and 1x supplemental glutamine, penicillin, and streptomycin) from \'T0\' to \'endpoint,\' determined by \~10 cell doublings after T0. CRISPRi screen cells were mock-treated with 0.1% DMSO (Sigma-Aldrich, St. Louis, MO) but otherwise left untreated. Screens were performed as independent replicates starting from the infection step. The K562 dCas9-KRAB and SunTag-VP64 cell lines were obtained from ([@bib18]) and had been constructed from K562 cells originally obtained from ATCC (RRID:[CVCL_0004](https://scicrunch.org/resolver/CVCL_0004)). Cytogenetic profiling by array comparative genomic hybridization (not shown) closely matched previous characterizations of the K562 cell line ([@bib42]). All cell lines tested negative for mycoplasma contamination (MycoAlert Kit, Lonza, Basel, Switzerland) in regular screenings.

Frozen samples of 250 × 10^6^ cells collected at T0 and endpoint were processed as previously described ([@bib18]), with the substitution of an SbfI restriction digest (SbfI-HF, New England Biolabs, Ipswich, MA) in place of the MfeI digest in the genomic DNA fragmentation and enrichment step. The sgRNA-encoding regions were sequenced on an Illumina HiSeq-4000 using custom primers. Sequencing reads were aligned to the expected library sequences using Bowtie (v1.0.0, \[[@bib35]\]) and read counts were processed using custom Python scripts (available at <https://github.com/mhorlbeck/ScreenProcessing>) based on previously established shRNA screen analysis pipelines ([@bib2]; [@bib30]). sgRNAs represented with fewer than 50 sequencing reads in both T0 and Endpoint were excluded from analysis. sgRNA growth phenotypes (γ) were calculated by normalizing sgRNA log~2~ enrichment from T0 to endpoint samples and normalizing by the number of cell doublings in this time period. CRISPRi v1 screen data from [@bib18] was re-analyzed using this pipeline, and the hCRISPRi/a-v2 5 sgRNA/gene libraries were evaluated by analyzing the sgRNA read counts corresponding to only the 5 sgRNA/gene sublibraries. Gene ontology analysis was conducted using DAVID 6.7 ([@bib26]) with default search categories and with background lists representing the genes targeted by the CRISPRa v1 or hCRISPRa-v2 libraries where appropriate. For [Figure 4B](#fig4){ref-type="fig"} and [Figure 4---figure supplement 1D](#fig4s1){ref-type="fig"}, \'shared hit\' genes were 70 genes that scored as strong anti-growth hits (phenotype z-score x --log~10~ p-value ≤ −10) in both CRISPRa v1 and hCRISPRa-v2.
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Summary:

Pooled CRISPR screenings have become important methodologies to quickly associate genes with their functions in a high-throughput fashion. These platforms include gene knockout screens, gene inactivation (CRISPRi) and activation (CRISPRa). For such powerful technologies, it is important to further boost their efficacy and minimize any potential off-target effect. This manuscript deals with this very issue, and describes a systematic analysis of features that enable effective short guide RNA (sgRNA) activity in CRISPRi or CRISPRa screens. The result is new, highly effective libraries containing 5 or 10 sgRNAs per gene. These new libraries are compact and will be powerful tools for discovery of gene function moving forward.

Specifically, the manuscript details the use of machine learning algorithms and other informatic approaches to determine what features render a sgRNA most effective. Key aspects involve targeting a nucleosome-depleted region and the position from the observed transcription start site (using the more accurate FANTOM positions for TSS designation). These properties, coupled with specific sequence features can be combined to predict very active sgRNAs. The authors do a great job demonstrating the effectiveness of their predictions and the new CRISPRi libraries. This clearly establishes the promise of CRISPRi as a potent methodology that avoids a number of the pitfalls that using catalytically active CRISPR/Cas9 entails.

To facilitate dissemination of this knowledge, they have made the libraries available on Addgene (in 5 or 10 sgRNA per gene varieties) that target mouse or human genes. Further, they share the sequences of the best sgRNAs in supplemental tables, additionally increasing the impact and breadth of this work.

In short, this is a nicely written story with convincing data. I have only a few changes to suggest to the text and display items. These are aimed at making the manuscript maximally helpful to people in the field who might be designing their own guides against non-coding RNAs, as well as increasing the interest for those who are just curious about how CRISPRi works.

Essential revisions:

1\) Authors claimed that the next-generation libraries for CRISPR-mediated gene repression and activation have higher activity than the old version. The experimental demonstration for new version of CRISPRa is completely missing. It\'s therefore premature to make such statement in the title and in the context. This issue should be clarified.

2\) The new version of library outperform the old version, mostly based on statistic prediction and analysis. However, one might argue that the original library is \"good enough\" with \"sub-optimal\" performance in the identification of genes\' function in majority of cases. It would be much more convincing if they could show examples of genes identified from new libraries that would be missing in the old fashion way. In this case, comprehensive validation of these candidate genes are needed to make such a claim.

3\) Authors said that the new CRISPRi screen has undetectable non-specific toxicity seen with CRISPR nuclease approaches. This is actually the feature of CRISPRi, not the new design of CRISPRi library. It\'s misleading to give such credit to the new algorithm of design.

4\) Likewise, we couldn\'t quite get the point why the new library would have improved off-target effects. It\'s understandable that the new design might improve the on-target activity. As to the off-target rate, it\'s puzzling to understand the mechanism behind this observation.

5\) Although the effects of nucleosomes (DNAse, MNase, FAIRE) on positioning of sgRNAs for CRISPRi is strong, the importance for CRISPRa seems quite modest from the data presented- with position relative to the TSS being much more important. Why might this be? I am not convinced that this means that activating guide RNAs are indifferent to nucleosomes (and the authors don\'t suggest this). So why the difference? It would be helpful to the community to get some comment on this. As the manuscript stands, one could interpret the findings to say that one needed to target nucleosome-depleted regions to inhibit gene expression, but that activating guides could more readily penetrate chromatin, which seems unlikely. Could the authors clarify?

One possibility is that the optimal location upstream of the TSS (which appears to be -100 to -200 upstream) is typically nucleosome depleted at most active genes and so there isn\'t much dynamic range in the nucleosome signal detected in this region. This would compress the information you could get out of this parameter, perhaps making it seem less important because there was less variability among genes.

6\) Given the above distinction, it would be preferable to show the score contribution for \'target site position relative to TSS\' and \'target site chromatin accessibility\' separately for CRISPRi ([Figure 1C](#fig1){ref-type="fig"}) as well as CRISPRa ([Figure 2C](#fig2){ref-type="fig"}).

7\) Can the authors comment on the very strong peak of effectiveness for CRISPRi sgRNAs just downstream of the TSS? This likely reflects something in addition to nucleosome-deprivation as being helpful for CRISPRi. I find the very sharp peak in maximal activity in [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"} to be really striking (even in comparison to previous work using less well-refined TSSs), and would encourage its inclusion in the final manuscript.

As the authors have noted before, CRISPRi really works best when the guide is positioned just downstream of the start site- perhaps because it is more effective to block early transcription elongation and the release from Pol2 pausing, rather than farther downstream once Pol2 is loaded with the machinery to plow through chromatin etc.?

For those working to block expression of novel or non-coding RNAs, we think it is worth getting this idea out there in a super-clear and obvious way- that the sweet spot for optimal guides is right downstream of the promoter.

8\) Regarding the basic sgRNA prediction algorithms developed, will these be shared upon request? We see a github site for the tool created to assess chromatin features, but not for the broader prediction platform. Could the authors indicate in the Methods how an interested user might get help with sgRNA predictions?

10.7554/eLife.19760.031

Author response

*In short, this is a nicely written story with convincing data. I have only a few changes to suggest to the text and display items. These are aimed at making the manuscript maximally helpful to people in the field who might be designing their own guides against non-coding RNAs, as well as increasing the interest for those who are just curious about how CRISPRi works.*

*Essential revisions:*

*1) Authors claimed that the next-generation libraries for CRISPR-mediated gene repression and activation have higher activity than the old version. The experimental demonstration for new version of CRISPRa is completely missing. It\'s therefore premature to make such statement in the title and in the context. This issue should be clarified.*

We have now experimentally validated our hCRISPRa-v2 library by conducting a screen for genes that affect robust cell growth upon overexpression with CRISPRa. These data are presented in [Figure 4](#fig4){ref-type="fig"} and the accompanying supplemental figure, and discussed in a new Results section. As with our hCRISPRi-v2 validation screen, we find that our next generation library outperforms CRISPRa v1 in number of hit genes identified (60% more hits and greater enrichment for functional categories; [Figure 4A](#fig4){ref-type="fig"}), enrichment for highly active sgRNAs targeting each gene ([Figure 4B](#fig4){ref-type="fig"}), and identification of new hit genes missed due to TSS mis-annotation ([Figure 4C](#fig4){ref-type="fig"} and [Figure 4---figure supplement 1E](#fig4s1){ref-type="fig"}).

*2) The new version of library outperform the old version, mostly based on statistic prediction and analysis. However, one might argue that the original library is \"good enough\" with \"sub-optimal\" performance in the identification of genes\' function in majority of cases. It would be much more convincing if they could show examples of genes identified from new libraries that would be missing in the old fashion way. In this case, comprehensive validation of these candidate genes are needed to make such a claim.*

We share the reviewers' view that improvement of reagents should result in better identification of gene function for such an improvement to be of practical value. We feel that our data demonstrate the tangible benefits of the hCRISPRi-v2 library over the original CRISPRi v1 in several ways:

A\) The hCRISPRi-v2 library recalls a further 19 of the 218 gold standard essential genes (Hart et al., 2014) at 95% precision than CRISPRi v1 ([Figure 3D](#fig3){ref-type="fig"}). Of these 19 genes, 16 were also identified by the K562 CRISPR nuclease screen (Wang et al., Science 2015), providing further evidence for the validity of the gold standard gene set.

B\) Similarly, the hCRISPRi-v2 library with just 5 sgRNAs per gene identifies 15 more of the gold standard essential genes than CRISPRi v1. That screen performance is improved over v1 with half the library size is a marked advance for many screening approaches where the scale of cell culture, FACS, etc. is limiting.

C\) One essential gene included in the gold standard set, *VCP*, was not identified in our CRISPRi v1 screen but was a strong hit with our hCRISPRi-v2 growth screen. This improvement is likely due both to improved sgRNA selection and the use of the FANTOM TSS annotation, and is included as [Figure 3---figure supplement 1C](#fig3s1){ref-type="fig"}.

*3) Authors said that the new CRISPRi screen has undetectable non-specific toxicity seen with CRISPR nuclease approaches. This is actually the feature of CRISPRi, not the new design of CRISPRi library. It\'s misleading to give such credit to the new algorithm of design.*

The non-specific toxicity mediated by CRISPR nuclease at amplified loci has only recently been reported by several groups (Wang et al., Science 2015; Aguirre et al., Cancer Discovery 2016; Munoz et al., Cancer Discovery 2016), but to our knowledge has not yet been investigated for CRISPRi. Therefore, we felt it timely to examine our CRISPRi data for this effect, and indeed found no toxicity at amplified or normal copy number loci in contrast to CRISPR nuclease. We agree with the reviewers that the undetectable toxicity due to DNA cleavage is very likely to be a general feature of CRISPRi, and by using the hCRISPRi-v2 results we merely intended to demonstrate this feature in a comprehensive way. We have now revised the text to clarify this point (Abstract; Results subsection "The hCRISPRa-v2 library identifies more genes that modify robust growth rates upon overexpression").

*4) Likewise, we couldn\'t quite get the point why the new library would have improved off-target effects. It\'s understandable that the new design might improve the on-target activity. As to the off-target rate, it\'s puzzling to understand the mechanism behind this observation.*

We did make several adjustments to our off-target scoring algorithm that we expected to improve our ability to predict relevant off-target sites, most notably an increase in the sensitivity used in our Bowtie alignments and a more stringent filter for sgRNAs binding at off-target sites near TSSs (and thus more likely to cause off-target effects with CRISPRi and CRISPRa). However, the adjustments to our off-target predictions were a minor component of our design and indeed the off-target effects were quite low in the v1 as documented in Gilbert et al., 2014. We have removed references to this improvement in the Abstract and we have revised our language on off-target effects to reflect that this represents an algorithmic change rather than a major practical improvement (Results, Methods).

*5) Although the effects of nucleosomes (DNAse, MNase, FAIRE) on positioning of sgRNAs for CRISPRi is strong, the importance for CRISPRa seems quite modest from the data presented- with position relative to the TSS being much more important. Why might this be? I am not convinced that this means that activating guide RNAs are indifferent to nucleosomes (and the authors don\'t suggest this). So why the difference? It would be helpful to the community to get some comment on this. As the manuscript stands, one could interpret the findings to say that one needed to target nucleosome-depleted regions to inhibit gene expression, but that activating guides could more readily penetrate chromatin, which seems unlikely. Could the authors clarify?*

*One possibility is that the optimal location upstream of the TSS (which appears to be -100 to -200 upstream) is typically nucleosome depleted at most active genes and so there isn\'t much dynamic range in the nucleosome signal detected in this region. This would compress the information you could get out of this parameter, perhaps making it seem less important because there was less variability among genes.*

*6) Given the above distinction, it would be preferable to show the score contribution for \'target site position relative to TSS\' and \'target site chromatin accessibility\' separately for CRISPRi ([Figure 1C](#fig1){ref-type="fig"}) as well as CRISPRa ([Figure 2C](#fig2){ref-type="fig"}).*

In modeling the effects of chromatin accessibility, we incorporated sequencing-based readouts (DNase, MNase, FAIRE) as additional support but found that the strongest predictor of sgRNA activity was distance to the FANTOM-annotated TSS, which naturally convolutes both the stereotyped pattern of nucleosome positions (Jiang and Pugh, Nature Reviews Genetics 2009) as well as the effectiveness of CRISPRi/a effector domains relative to the TSS. Beyond the predictive value of this relationship, FANTOM TSS annotations are derived from CAGE-seq data from hundreds of cell lines and primary tissues, enabling us to reliably predict active sgRNAs across cell lines rather than relying on the nucleosome positioning in a particular cell line for which it happened to be measured. The applicability of our sgRNA predictions across cell lines is tested in [Figure 3A](#fig3){ref-type="fig"}.

In using support vector regression to fit the patterns for CRISPRi and CRISPRa relative to the TSS and predict sgRNA activity ([Figure 1---figure supplement 1](#fig1s1){ref-type="fig"} and [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}), however, the effects of nucleosome positioning and distance to TSS are convoluted such that the components difficult to evaluate separately. We have amended the axis labels on [Figures 1C](#fig1){ref-type="fig"} and [2C](#fig2){ref-type="fig"} to clarify the information obtained from TSS positioning and the other sequencing-based chromatin measurements.

We share with the reviewers' observation that the periodic relationship between CRISPRa activity and distance to the TSS is less pronounced than for CRISPRi ([Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}), particularly in the region of maximal CRISPRa effectiveness. We also agree that this is unlikely to be a distinct feature of CRISPRa, as there are indeed troughs of CRISPRa activity downstream of the TSS and upstream of the effective CRISPRa region, and previous in vitro results demonstrated that the nucleosomes directly impeded (d)Cas9 activity independent of any effector domain (Horlbeck et al. *eLife* 2016; Isaac et al. *eLife* 2016). Instead, we believe the difference between CRISPRi and CRISPRa accessibility patterns is due in part to the limited dynamic range in this region, as the reviewers suggested; in part to the lower expression levels of genes most sensitive to CRISPRa overexpression (Gilbert et al. Cell 2014; Konermann et al. Nature 2015), resulting in more poorly phased nucleosomes; and in part to the smaller CRISPRa dataset that reduces our resolution in fitting the TSS positioning relationship. We have added a comment on this point to the main text (subsection "An integrated machine learning approach predicts highly active sgRNAs for CRISPRi and CRISPRa", fifth paragraph).

*7) Can the authors comment on the very strong peak of effectiveness for CRISPRi sgRNAs just downstream of the TSS? This likely reflects something in addition to nucleosome-deprivation as being helpful for CRISPRi. I find the very sharp peak in maximal activity in [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"} to be really striking (even in comparison to previous work using less well-refined TSSs), and would encourage its inclusion in the final manuscript.*

*As the authors have noted before, CRISPRi really works best when the guide is positioned just downstream of the start site- perhaps because it is more effective to block early transcription elongation and the release from Pol2 pausing, rather than farther downstream once Pol2 is loaded with the machinery to plow through chromatin etc.?*

*For those working to block expression of novel or non-coding RNAs, we think it is worth getting this idea out there in a super-clear and obvious way- that the sweet spot for optimal guides is right downstream of the promoter.*

We agree that the region just downstream of the TSS is optimal for CRISPRi likely through a combination of nucleosome deprivation, effective KRAB domain-mediated histone methylation, and physical hindrance of early transcriptional machinery. This last hypothesis is supported by our previous tiling screens using dCas9 without an effector domain, which showed gene repression activity immediately downstream of the TSS but not in the wider window of activity seen with dCas9-KRAB (Gilbert et al. Cell 2014). That this mechanism contributes to optimal CRISPRi-mediated repression lends further support to the importance of transitioning to the more accurate FANTOM TSS annotation in designing sgRNAs for both protein-coding and non-coding genes whenever possible. We have now emphasized this finding in the main text (subsection "An integrated machine learning approach predicts highly active sgRNAs for CRISPRi and CRISPRa", fourth paragraph).

*8) Regarding the basic sgRNA prediction algorithms developed, will these be shared upon request? We see a github site for the tool created to assess chromatin features, but not for the broader prediction platform. Could the authors indicate in the Methods how an interested user might get help with sgRNA predictions?*

We have now made the prediction algorithms and pipeline available on GitHub as well, and provide the URL in the Methods with a reference to this in the main text.

[^1]: Calico Life Sciences LLC, South San Francisco, United States.
